Mapping Management Zones Based on Soil Apparent Electrical Conductivity and Remote Sensing for Implementation of Variable Rate Irrigation—Case Study of Corn under a Center Pivot by Serrano, João et al.
water
Article
Mapping Management Zones Based on Soil Apparent
Electrical Conductivity and Remote Sensing for
Implementation of Variable Rate Irrigation—Case
Study of Corn under a Center Pivot
João Serrano 1,* , Shakib Shahidian 1, José Marques da Silva 1,2 , Luís Paixão 2,
Francisco Moral 3 , Rafael Carmona-Cabezas 4, Sónia Garcia 5, José Palha 6 and João Noéme 5
1 MED—Mediterranean Institute for Agriculture, Environment and Development,
Instituto de Investigação e Formação Avançada, Universidade de Évora, Pólo da Mitra, Ap. 94,
7006-554 Evora, Portugal; shakib@uevora.pt (S.S.); jmsilva@uevora.pt (J.M.d.S.)
2 AgroInsider Lda. (spin-off da Universidade de Évora), 7005-841 Evora, Portugal; lgpaixao@gmail.com
3 Departamento de Expresión Gráfica, Escuela de Ingenierías Industriales, Universidad de Extremadura,
Avenida de Elvas S/N, 06006 Badajoz, Spain; fjmoral@unex.es
4 Complex Geometry, Patterns and Scaling in Natural and Human Phenomena (GEPENA) Research Group,
Gregor Mendel Building, Campus Rabanales, University of Cordoba, 14071 Cordoba, Spain; f12carcr@uco.es
5 TERRAPRO, Technologies Lda., Av. Nossa Senhora Guadalupe, n◦ 63 Porto Alto,
2135-015 Samora Correia, Portugal; sonia.garcia@terra-pro.net (S.G.); joao.noeme@terra-pro.net (J.N.)
6 Pereira Palha Agricultura, LDA, Monte de Santo Isidro, 2135-401 Samora Correia, Portugal;
jose@pereirapalha.com
* Correspondence: jmrs@uevora.pt
Received: 31 October 2020; Accepted: 2 December 2020; Published: 6 December 2020


Abstract: Climate change, especially the trend towards global warming, will significantly affect the
global hydrological cycle, leading to a general reduction of the water available for agriculture. In this
scenario, it is essential that research should focus on the development of ‘water saving’ techniques
and technologies. This work summarizes the methodology followed in a project for large scale
implementation of variable rate irrigation (VRI) systems using center pivots in corn crop. This is
based on technologies for monitoring (i) soil electrical conductivity (ECa) and altimetry, (ii) soil
moisture content, (iii) vegetation indices (Normalized Difference Vegetation Index, NDVI) obtained
from satellite images, and automatic pivot travel speed control technologies. ECa maps were the
basis for the definition of first homogeneous management zones (HMZ) in an experimental corn
field of 28 ha. NDVI time-series were used to establish the subsequent HMZ and the respective
dynamic prescription irrigation maps. The main result of this study was the reduction of spatial yield
variability with the VRI management in 2017 compared to the conventional irrigation management.
This study demonstrates how a relatively simple approach could be designed and implemented on a
large scale, which represents an important and sustainable contribution to the resolution of practical
farmer issues.
Keywords: variable rate irrigation; precision agriculture; efficient use of water; soil electrical
conductivity; normalized difference vegetation index
1. Introduction
Today, agricultural activity develops in a context dominated by two challenges: productivity
and sustainability. The increase in food production to satisfy all the demands of the 9 billion people
(world population expected in the year 2050) is a challenge for agricultural professionals, who require
Water 2020, 12, 3427; doi:10.3390/w12123427 www.mdpi.com/journal/water
Water 2020, 12, 3427 2 of 17
the use of efficient techniques and technologies in all of their production processes [1]. In this
context, the importance of irrigated agriculture is demonstrated by the fact that, while only 16%
of the world’s cultivated area is irrigated, it is expected to produce 44% of world food by 2050 [1].
This scenario gains greater importance when climate variability, regulatory nutrient management, water
conservation policies, and declining sources of compound challenges faces irrigated crop production [2].
Climate change will significantly affect the hydrological cycle leading, in many agricultural areas of the
planet, to more frequent droughts and heat waves, to alteration of the spatial and temporal patterns
of precipitation, to an increase in evapotranspiration, and to a general reduction in the availability of
water for agriculture [3]. Given the increase cost of production factors (such as water) and increasing
awareness of the need to preserve our natural environment, producers rely more on precision agriculture
(PA) technologies to reduce economic costs and environmental impact [4]. PA methodology is a
field management strategy that measures within the field variation of certain parameters, and then
incorporates that variability into a differentiated application of resources to the file [5].
The importance of properly managing irrigation is a fundamental factor for sustainable
production [6]. Similar to other agronomic inputs, the conventional management of water is based on
the application of a homogeneous input over the field, considered as a uniform spatial unit. However,
in any field, one can observe spatial heterogeneity of soil characteristics, topography, microclimate,
crop development, water status, and yield, which result in spatial variability of irrigation efficiency
and a non-uniform irrigation requirement [3,7].
With eight million hectares of the irrigated area, a center pivot system represents 23% of the total
area irrigated by sprinkler irrigation systems [1]. Center pivot irrigation consists of the application
of water through a moving lateral line with several water outlets supported on moving towers,
which revolve around a fixed pivot point (center tower) and irrigate a circular area [1]. Variable rate
irrigation (VRI), sometimes referred to as ‘precision’ or ‘site-specific’ irrigation, which is the capacity
of an irrigation system to apply different amounts of water to different areas of the field based
on site-specific needs, emerges as a potential solution to increase the productivity and reduce the
environmental impact of irrigated agriculture [8,9]. The methods for VRI in centre pivots systems
include: “speed or sector control” (variable speed irrigation, VSI), where the water application rate
is varied in the direction of the moving sprinkler by varying its travel speed, and “zone control”
(variable zone irrigation, VZI), which allows watering application rates to be varied along the lateral
pipeline as well as in the direction of the sprinkler movement [2]. VSI does not require additional
hardware on the pivot. It simply uses a more sophisticated control panel that will slow down or speed
up the pivot to apply more or less water in different areas of the field and many of the newer pivot
control panels already built into them since the overall pivot flow rate remains constant. A producer
could transition to VSI first before deciding whether to invest in VZI, since the first, conceptually,
may be easier to understand [2]. Despite variable speed irrigation’s clear limitations to variations only
in pie-shaped wedges, VSI has a lower cost than VZI given that the only modifications to the pivot are
to the electronic controls, resulting in a shorter period for return on investment [2].
VRI assumes that crop water needs to vary spatially. In fact, soil water content varies not
only spatially but temporally [10]. In many fields, crop water needs are variable throughout an
irrigation season [2] due to differences in soil water holding capacity [11], which requires dynamic
irrigation prescription maps [10] to address the variability in the soil available water. Prescription
maps, or plans, contain irrigation amounts that vary for the different areas of the field, and, in this case,
they should also vary over time, i.e., irrigation decisions must be re-evaluated many times over a season,
which corresponds to modify VRI prescriptions in a way that improves the overall profitability [2].
However, the data collection, analysis, and creation of optimal VRI prescriptions for a specific field’s
needs can be complex, time consuming, and expensive, especially since many field situations require
these prescriptions to vary both in time and in space [2]. A previous stage in this process involves the
establishment of homogeneous management zones (HMZ) [2,4]. An HMZ is a sub-region of a field that
is relatively homogeneous in terms of soil-landscape attributes [5]. It is critical to select appropriate
attribute(s) and method to delineate robust zones, such as combining various types of data of several
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years, attending to temporal climatic variability, which have proved to be promising for the creation
of HMZ [5]. Two different paradigms of monitoring field-level spatial variability have emerged and
proved effective including one based on monitoring soil water properties and the other on monitoring
the plant condition [7]. A field can be zoned based on a single soil-crop variable or multiple attributes,
which are expected to affect yield. Advances in proximal and non-invasive sensing technology and
data analysis techniques are now able to provide efficient information on soil, crops, and associated
environmental properties [12]. Soil apparent electrical conductivity (ECa), yield maps, topography, and
satellite images are among suggested attributes to delineate HMZ [2,9]. Application of remote sensing
is especially attractive because it is non-invasive and relatively inexpensive [5]. Effective management
of VRI will likely require a combination of both remote sensing and proximal sensing to detect spatially
and temporally dynamic variable crop water needs [2]. In general, the following are recognized as
necessary to sustain the adoption of site-specific VRI: (i) tools for defining HMZ, (ii) software to write
basic prescriptions, (iii) decision support systems, and (iv) technical assistance and training [13].
The objective of this case study is to evaluate automatic center pivot travel speed control for
dynamic management of irrigation in corn (Zea mays L.) based on technologies that monitor (i) soil
electrical conductivity (ECa), (ii) yield maps, (iii) soil moisture, and (iv) vegetation indices (Normalized
Difference Vegetation Index, NDVI) obtained from satellite images (Figure 1).Water 2020, 10, x FOR PEER REVIEW 4 of 18 
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Figure 1. Schematic representation of the methodology followed in this study.
2. Materials and Methods
2.1. Chronological Approach
Figure 1 schematically shows the approach followed in this study to evaluate automatic center pivot
travel speed control for dynamic management of irrigation in corn. Figure 2 shows the chronological
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diagram of the tasks carried out between October 2016 and October 2017, which corresponds to the
period between two consecutive crop harvests. In situ crop monitoring, year after year, allowed the
farmer to identify areas with very different productivity, which served as the starting point of this
study. Relative field elevation and soil ECa surveys, soil sampling, and NDVI monitoring were the
basis for the definition of homogeneous management zones and, later, for the preparation of variable
rate irrigation maps.
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Figure 2. Chronological diagram of the tasks carried in this study (NDVI—Normalized Difference
Vegetation Index, VRI—Variable Rate Irrigation, RFE—Relative Field Elevation, ECa—Soil Electrical
Conductivity Apparent).
2.2. Experimental Field
In this work, the corn field “Eucalyptus” of 28.2 ha, located at Samora Correia, near Lisbon,
Portugal (38◦50.68′ N; 8◦52.55′ W), was monitored between October 2016 and October 2017. This farm
is located in Lezíria do Ribatejo, a characteristic corn producing area under strong influence of the Tejo
River Bay. The predominant soil in this parcel is classified as Fluvisols [14], sedimentary formations
derived especially from recent fluvial deposits. These are soils with little or no profile differentiation
but a distinct topsoil horizon, with good natural fertility, whereby many crops are grown, normally
with some form of water control [14].
The Mediterranean climate is characterized by having most of the rainfall concentrated in the
coldest months of December and January and very dry, hot summers, especially during the months of
July and August, when corn is in full development. The average annual rainfall does not normally
exceed 600 mm and the temperature in the summer can reach 40 ◦C. In this climatic context, the crop
growth during the Spring-Summer period (May to October: planting to harvest) is sustained through
regular irrigation.
2.3. Soil Apparent Electrical Conductivity and Altimetric Surveys
In April 2017, an ECa survey was carried out with an electromagnetic induction device (EM38;
Geonic, Ltd., Mississauga, ON, Canada) (Figure 3a). This equipment consists of a receiver and a
transmitter coil installed 1.0 m apart at the opposite ends of a nonconductive bar. The measured
depth depends on the coil configuration (horizontal or vertical) and the distance between the coils.
In this study, the ECa survey was measured at two depths: 0–0.50 m and 0–1.0 m. The sensor was
transported by a platform (Figure 3b) and pulled by an all-terrain vehicle (Figure 3c) equipped with a
global positioning system (GPS) receiver and data collection equipment, at a speed of approximately
12 km h−1. An offset of 10 m between successive parallel paths was guaranteed by a GPS driving
support system. This GPS receiver also made it possible to collect the altimetric data for the preparation
of the relative field elevation map.
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2.6. Definition of Homogeneous Management Zones (HMZ)
Homogeneous subfields were delineated using a fuzzy cluster algorithm [17]. The MZ Analyst
(MZA) software (Microsoft Corp., Redmond, WA, United States) was utilized in this study. This software
uses procedures for delineating MZs in a field and evaluating the number of homogeneous zones
as described by Fridgen et al. [18]. Consequently, the fuzzy c-means, an unsupervised continuous
classification procedure, which is implemented in the MZA program, was used to divide the field
into different cluster classes. This classification algorithm is very adequate for grouping properties in
the soil continuum because it produces a continuous grouping of objects by assigning partial class
membership. Some clustering parameters need to be specified in the MZA program. The fuzziness
exponent was set at the conventional value of 1.3 and the Mahalanobis measure of similarity was
selected since it is the most suitable for multivariate data classification [19]. Three homogeneous zones
were considered as, in all cases, the two indices used to evaluate the number of classes, the fuzziness
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performance index (FPI), and the normalized classification entropy (NCE) [18], which were between
0 and 1. FPI is a measure of the degree of membership sharing among classes: 0 indicates different
classes with no membership sharing and 1 reflects a strong sharing of membership. NCE is an estimate
of the amount of disorganization created by a number of classes: 0 indicates high organization and
1 represents a strong disorganization. When each index is at minimum, which indicates the least
membership sharing (FPI) and greatest amount of organization (NCE) as a result of the clustering
process, the optimum number of classes is achieved [18].
In this study, three MZ maps were defined, one initially based on soil ECa, altimetric surveys,
and soil sampling, which has been redefined twice based on NDVI maps (14 June and 23 August)
and implemented sequentially during the lifecycle of the crop, as described in the following section.
The HMZ obtained from MZA software were later converted into the pie slice format, suitable for
pivot irrigation. These new maps were generated by taking into account the area of each homogeneous
zone that fall within each circular sector. The calculations were performed for each area corresponding
to a slice with 6◦ amplitude in the irrigation perimeter, thus, totaling 60 slices.
2.7. Definition and Implementation of Variable Rate Irrigation (VRI) Maps
The HMZ defined in a pie slice format identified zones of greater and of lesser potential
productivity, constituting the basis for farmer’s decision-making. In this work, the knowledge of
a spatial variability pattern of 2016 corn yield influenced the farmer’s decision in terms of variable
irrigation prescription. Corn yield maps of 2016 and 2017 were obtained by a service provider using
a John Deere harvester equipped with a crop yield monitor (grain flow meter associated with a
GPS receiver). As mentioned, in order to achieve the final goal of reducing the spatial variability
of production in this field, three sequential VRI stages were implemented based on three distinct
HMZ maps, with each optimized for a specific objective. The initial map was based on the soil ECa
survey and soil sampling, and was optimized with the objective of stimulating the productivity of less
fertile soils through a greater irrigation prescription. This map was then redefined based on NDVI
measurements of 14 June with the objective of stimulating the productivity of the areas with lower
vegetative vigour, and then redefined again based on the NDVI measurement of 23 August with the
objective of saving water in areas where the crop had reached advanced stages of its vegetative cycle
(Table 1). For the implementation of VRI maps in the 2017 campaign, an electronic “URAPIVOT
Irrigation Systems” (Chamsa, Madrid, Spain) controller was used, running the “USENS” software
application (app) developed by “TERRAPRO Technologies” (Samora Correia, Portugal), installed on a
mobile device. The remote control of pivot travel speed was based on the VRI map, and the actual
position (angle) of the pivot.
The irrigation frequency was determined by the evolution of soil moisture content (SMC) monitored
continuously by two SMC capacitance probes (“TERRAPRO Technologies,” Samora Correia, Portugal).
The reduction in the amounts of irrigation water (in %) resulting from the implementation of
variable irrigation strategy in lieu of conventional and uniform prescription (“standard” or 100%),
which can be calculated based on VRI maps, the number of irrigation events (n), and the established
prescription classes (z). Equations (2) and (3) calculate the relative irrigation water amount (RIWA) as
a weighted average of percentage of irrigation water used in each irrigation event (Ai), calculated as a
weighted average of water amounts used in percentage of area (ai,j), where the weight of each value of
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where: ni—Number of irrigation events. zj—Irrigation correction factor or amount of water as a
percentage of standard prescription (prescription classes). ai,j—Relative area to each ni and zj data, as a
percentage of the total irrigation area.
Table 1. Steps, objectives, and expected results of homogeneous management zones (HMZ) and
variable rate irrigation (VRI) maps.
Steps Objectives Outputs
1—Start: based on ECa
+ soil smart sampling
To stimulate the productivity of less fertile soils with
greater irrigation prescriptions HMZ 1 and VRI 1 maps
2—Continuation:
based on NDVIJune
To stimulate the productivity of the areas with lower
yield potential and less vegetative vigour through
greater irrigation prescriptions
HMZ 2 and VRI 2 maps
3—Conclusion, based
on NDVIAugust
To rationalize the application of water in areas where
the crop is in advanced stages of its vegetative cycle
(senescence), with the application of lower
irrigation prescriptions
HMZ 3 and VRI 3 maps
3. Results
Mean corn yield in 2016 was 10,510 ± 4689 kg ha−1 (CV = 44.6%). Figure 4 shows the spatial
variability of corn yield at the “Eucalyptus” field with an evident contrast between high productivity
areas (>13,000 kg ha−1) and low productivity areas (<5000 kg ha−1). This was the main motivating
reason of this study with a purpose, on the one hand, to identify potential causes of low productivity
and, on the other hand, to stimulate productivity in these areas, reducing the overall variability of
the field.
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Figure 4. Corn yield map of a “Eucalyptus” field in October 2016.
Figure 5 shows soil ECa maps at 0–0.5 m depth (a) and 0–1.0 m depth (b), with average values of,
respectively, 12.71 ± 8.12 mS m−1 and 20.98 ± 23.08 mS m−1. Soil sampling points are referenced in
these maps.
The results of the soil analysis are shown in Table 2. It is a sandy soil (sand >90%) with low levels
of organic matter and total N (both about 1%) and with acceptable levels of P2O5 (about 50 mg kg−1),
poor performance in exchangeable cations, and high levels of Fe2+. Figure 5 shows that sampling
points 5 and 6 correspond to areas with high ECa values, and, as indicated in Table 2, they are also the
sampling points with higher values of soil silt and organic matter contents, showing a small gradient
of soil fertility.
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Figure 5. Soil apparent electrical conductivity (ECa) maps of “Eucalyptus” field in April 2017:
at 0–0.5 m (a) and 0–1.0 m (b).
Table 2. Soi characteristics of the “Eucalyptus” field at 0–0.30 m depth.
Sampling Points S1 S2 S3 S4 S5 S6 Mean SD
Sand (%) 94 93 94 95 80 90 91.0 5.7
Clay (%) 5 0 0 0 0 0 0.8 2.0
Sil (%) 1 7 6 5 20 10 8.2 6.5
pH (1:5) 6.6 6.7 6.0 6.6 7.5 7.9 6.9 0.7
Organic matter (%) 0.86 1.18 1.22 1.01 1.35 1.26 1.15 0.18
Total N (%) 0.75 0.80 0.82 0.81 0.91 1.11 0.87 0.13
P2O5 (mg kg−1) 81.2 26.0 76.0 51.2 38.2 22.5 49.2 25.0
Ca2+ (meq 100g−1) 2.80 3.63 4.31 2.21 5.44 3.84 3.71 1.14
Mg2+ (meq 100g−1) 0.36 0.46 0.60 0.28 0.61 0.44 0.46 0.13
Na+ (meq 100g−1) 0.21 0.20 0.22 0.15 1.31 0.33 0.40 0.45
Fe (mg kg−1) 107.0 70.3 65.9 129.0 66.3 62.5 83.5 27.7
Mn (mg kg−1) 16.4 11.0 8.7 21.5 5.5 6.2 11.6 6.3
Cu (mg kg−1) 0.6 0.7 0.7 0.7 0.9 1.2 0.8 0.2
Zn (mg kg−1) 6.1 6.6 7.6 7.8 7.2 6.4 7.0 0.7
Figure 6 shows the altimetric map of “Eucalyptus” field, where a small elevation range (13–18 m)
can be observed. This figure also shows the location of two SMC probes (P1 and P2) including one in
the north of the field and another in the south.
Water 2020, 10, x FOR PEER REVIEW 9 of 18 
 
Table 2. Soil ch racteristics of the “Eucalyptus” field at 0–0.30 m depth. 
Sampling Points S1 S2 S3 S4 S5 S6 Mean SD 
Sand (%) 94 93 94 95 80 90 91.0 5.7 
Clay (%) 5 0 0 0 0 0 0.8 2.0 
Silt (%) 1 7 6 5 20 10 8.2 6.5 
pH (1:5) 6.6 6.7 6.0 6.6 7.5 7.9 6.9 0.7 
Organic matter (%) 0.86 1.18 1.22 1.01 1.35 1.26 1.15 0.18 
Total N (%) 0.75 0.80 0.82 0.81 0.91 1.11 0.87 0.13 
P2O5 (mg kg−1) 81.2 26.0 76.0 51.2 38.2 22.5 49.2 25.0 
Ca2+ (meq 100g−1) 2.80 3.63 4.31 2. 1 5.44 3.84 3.71 1.14 
Mg2+ (meq 100g−1) 0.36 0.46 0.60 28 0.61 0.44 0.46 0.13 
Na+ (meq 100g−1) .21 0.20 0.22 0.15 1.31 0.33 0.40 0.45 
Fe (mg kg−1) 107.0 70.3 65.9 129.0 66.3 62.5 83.5 27.7 
Mn (mg kg−1) 16.4 11.0 8.7 21.5 5.5 6.2 11.6 6.3 
Cu (mg kg−1) 0.6 0.7 0.7 0.7 0.9 1.2 0.8 0.2 
Zn (mg kg−1) 6.1 6.6 7.6 7.8 7.2 6.4 7.0 0.7 
Figure 6 shows the altimetric map of “Eucalyptus” field, where a small elevation range (13–18 
m) can be observed. This figure also shows the location of two SMC probes (P1 and P2) including one 
in the north of the field and another in the south. 
 
Figure 6. Altimetric map of the “Eucalyptus” field. P1 and P2 are soil moisture content (SMC) 
probes. 
Figure 7 shows eight NDVI maps of the “Eucalyptus” field including two for each month 
between June (after planting) and September (before harvesting).  
Figure 6. Altimetric map of the “Eucalyptus” field. P1 and P2 are soil moisture content (SMC) probes.
Water 2020, 12, 3427 9 of 17
Figure 7 shows eight NDVI maps of the “Eucalyptus” field including two for each month between










Figure 7. Normalized difference vegetation index (NDVI) maps of the “Eucalyptus” field in different
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The evolution of the NDVI reflects the evolution of the crop’s vegetative vigour. It increases from
germination as the crop develops, reaching maximum values between mid-July (Figure 7(iv)) and early
August (Figure 7(v)) and then decreasing until harvest (Figure 8). The pattern of the NDVI spatial
variability over this period is as follows. The zones that, at the beginning of the vegetative cycle,
reach high NDVI values (for example, in 14 June, Figure 7(ii)) are also those that, at the end of the
vegetative cycle, are also the first to show a significant decrease in NDVI (for example, 23 August,
Figure 7(vi) or in 2 September, Figure 7(vii)). As mentioned in material and methods, NDVI maps
of 14 June (mean NDVI of 0.450 ± 0.055) and 23 August (mean NDVI of 0.621 ± 0.097) were used to
redefine irrigation prescription maps.
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Figure 9 shows the three management zones (MZ) identified in each of the three steps (left)
and the corresponding maps converted into the pie slice format (right). In all maps, the “low class”
represents areas with less potential (less fertility in HMZ 1, less vegetative vigour in HMZ 2 and 3),
“high class” represent areas with greater potential (greater fertility in HMZ 1, greater vegetative
vigour in HMZ 2 and 3) and “medium class” represents areas with an intermediate potential from the
previous ones. These maps are tools to support precision crop management, which will always be
conditioned by the objectives established in each specific phase. In this case study, the farmer’s main
objective was to stimulate crop productivity in areas with less productive potential at the expense
of applying greater amounts of water, which led to the establishment of the VRI maps presented in
Figure 10 and implemented in 14 June (VRI 1), between 17 June and 22 August (VRI 2: 32 irrigation
events) and between 24 August and 13 September (VRI 3: 9 irrigation events), as a result of SMC
monitoring performed continuously by two capacitance probes. Five prescription classes were defined
for the first year, but, in each VRI map, only three classes were used: (i) “standard” corresponds to
the amount of irrigation that the farmer normally uses (present in all VRI maps), (ii) “+10%,” and (iii)
“+20%,” respectively, 10% or 20% higher irrigation than the “standard” amount, corresponding to
lower center pivot travel speed (classes used only in VRI maps 1 and 2 with the objective of stimulating
the productivity of less fertile soils, areas with lower yield potential, and less vegetative vigour),
(iv) “−10%” and (v) “−20%,” respectively, 10% or 20% less lower irrigation than the “standard” amount,
corresponding to faster center pivot travel speed (classes used only in VRI map 3 with the objective of
rationalizing the application of water in areas where the crop is in advanced stages of development).
The area (as a percentage of the total area) that each prescription class represented in each VRI plan is
presented in Table 3. The application of the data contained in Table 3 in Equations (2) and (3) indicate
an increase of 5.5% in the irrigation amounts as a result of the implementation of this variable irrigation
strategy when compared to a conventional and uniform prescription.
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−20% −10% Standard +10% +20%
VRI 1 1 0.0 0.0 45.0 27.0 28.0
VRI 2 32 0.0 0.0 30.0 51.7 18.3
VRI 3 9 13.3 41.7 45.0 0.0 0.0
n—Number of irrigation events.
The evaluation of the impact of the variable irrigation strategy was also carried out in this first
year in terms of crop productivity (total production and spatial variability). Figure 11 shows the corn
yield map of the field in October 2017. In addition to the increase of 8% in the productivity (changed
from 10,510 ± 4689 kg ha−1 in 2016 to 11,350 ± 4097 kg ha−1), there was also a decrease in spatial
variability (CV = 36.1% in 2017, against 44.6% in 2016).
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4. Discussion
VRI comes into play as an engineering solution to manage spatial allocation of water applied
through irrigation, which is the most valuable input for agriculture across the world [5]. The prime
drawbacks of VRI systems are high capital costs for implementation and management [13]. Most of
the available center pivots, however, have control panels with a speed control module, mea ing
farmers can vary the irrigation across their fields to some extent at no extra cost, if it is nee ed [5].
Changing the pivot travel speed enables the establishment and management of individual pie shape
zones where faster pivot travel results in less irrigation and slower travel speed results in increased
irrigation at the selected pies [13]. evert eless, ic rescription maps are necessary because soil
water conte t varies not only temporally, but also spatially, even in l veled fields [2]. The objective
of this case study was to ev luate tools for definition of dynamic HMZ (ECa obtained y proximal
sensor and NDVI obtained by remote sensing) and dy amic VRI maps to automatic center pivot
travel speed control in cor . Delineati g irri ation zones is the first step toward site-specific irrigation
m nage e t [5]. It can even b said th t it is not o ly the first, but also fundamental step, since
th quality of HMZ will influence the irrigation prescription s. There are usually three paths
used to survey variability an define HMZ [2,5]: (i) soil ECa measurements with proximal sensors
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(the starting point for variability), (ii) monitoring of vegetation indices based on satellite images,
mainly NDVI (the dynamic crop evolution), and (iii) yield data (the final objective of the production
process). However, despite similarities between the zones delineated by these three sources (as shown
in this study), yield data has less potential because of its inconsistency, since yield is affected by
the complex interaction of different factors, which is contrary to what happens with soil ECa [20],
which shows a certain degree of temporal stability [21]. Additionally, Moral et al. [22] found that the
temporal stability of soil ECa makes it a better proximal attribute for high resolution zone delineation.
This study confirmed similar spatial patterns of ECa maps in both soil layers (0–0.5 m and 0–1.0 m
depth), although with higher soil ECa values at greater depth (20.98 ± 23.08 mS m−1 at 1.0 m depth
and 12.71 ± 8.12 mS m−1 at 0.5 m), which is due to the cumulative influence of the ECa measured by
the sensor [23]. It is evident that the 1.0-m depth map allows a better stratification of the classes of ECa
and, therefore, a greater potential for the definition of management zones, which is in line with other
works [5].
The overlap of the ECa and altimetric maps shows that the lower values of ECa correspond to
higher elevation zones of the field, seeming to indicate an inverse relationship between these two
parameters, which is an aspect already demonstrated in other works [24,25]. According to Marques
da Silva et al. [26], surface topography plays a significant role in influencing spatial ECa patterns.
A higher soil electrical conductivity is observed in lower areas where soil moisture levels tend to be
naturally higher at the end of spring (April) in Mediterranean climates. In view of this relationship,
as suggested by O’Shaughnessy et al. [2], in this study, ECa and topographical information were
combined to delineate initial HMZ. The initial proposal also included smart soil sampling, which is
suggested by several studies [22]. However, the results (Table 2) showed reduced variability and some
inconsistency, and cannot be used to explain the spatial variability of ECa, the vegetative vigour or the
crop yield, and, therefore, were not included in the final HMZ calculation and definition algorithm.
Another aspect that is interesting to highlight and to which several authors draw attention [2,5] is
the critical need to dynamically develop irrigation HMZ. This challenge is based on the fact that spatial
arrangement of irrigation MZ may change during the growing season [2]. This dynamic adaptation
over time must also be achieved in an accurate and inexpensive manner [5]. In our study, it was based
on the mapping of NDVI at specific times with different purposes: (i) about 1 month after planting
(14 June 2017) to stimulate the productivity of areas with less vegetative vigour, and (ii) about two
weeks before harvest (22 August 2017) to rationalize the application of irrigation water in areas where
the crop was in advanced stages of its vegetative cycle.
This was an exploratory case study in Portugal, financed by European funds (European Regional
Development Fund, Project “PDR2020-101-FEADER-032167”). The objective was to develop and
demonstrate a feasible and relatively affordable method for the creation of dynamic prescription
maps needed to control site-specific variable irrigation in corn. The implementation of the “speed
control” VRI technology can be carried out with a minimal learning curve and have a relatively low
cost resulting in a quicker return on investment, when compared with other more complex solutions,
namely the “zone control” systems s [2].
The results of this first year showed a positive trend in achieving the initial goal established
by the farmer, reducing the spatial variability of corn productivity in this field (CV = 36.1% in 2017,
against 44.6% in 2016). In addition, this field registered an increase of 8% in the corn productivity at
the expense of an increase of 5.5% in the irrigation water amounts when compared to conventional
and uniform prescription. Although these results can be viewed in the perspective of the natural
inter-annual variability of crop yield as a result of climatic trends, the data clearly indicate an
improvement in the irrigation water use efficiency (IWUE), which relates crop yield produced per unit
of water supplied [27], and could lead the farmer to readjust his objectives. As part of the precision
agriculture (PA) concept, the objectives are revaluated after the end of each crop cycle, and, thus,
the farmer can focus on identifying possible structural causes (for example, soil compaction or poor
drainage) that help to explain the historically marginal yields in some areas, where the amount of
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irrigation can be reduced [2] instead of increasing the amounts of irrigation water to compensate its
lower productive potential. Within the scope of the PA, an approach that addresses the effect of the VRI
strategy on crop productivity and the amount of irrigation water used, but also accounts for the costs
associated with the technologies and technical support, will be important. For example, in this specific
case, the initial cost of “speed control” VRI technology (approximately 3000 €, which can be added to
existing moving irrigation systems) must be considered. Additionally, in the first year, the cost of soil
ECa survey (approximately 40 € per ha) should be considered. Annually, a budget of around 1500 €
should be considered for the services needed to obtain, process, and integrate all the information as
well as capture the satellite images, obtain the respective indices (NDVI), and define and present the
VRI maps.
This study demonstrates how a relatively simple solution for the implementation of VRI “speed
control” could be designed and implemented, showing that PA techniques are ready to provide tangible
results that may be of interest not only for researchers, but also for farmers. One of the advantages of
the PA approach is that historical digital information can be stored and, subsequently, processed and
used. For example, promising results have been reported by studies that have averaged yield data over
years, eliminating the problem of temporal instability and providing more reliable HMZ [2]. Currently,
the large-scale implementation of this or similar systems in the region, it will be essential to carry out
a cost-benefit analysis to investigate and to select approaches that are economically (improved crop
production) and environmentally (reduced amount of irrigation water) appropriate and acceptable
to a producer and that can convince farmers and growers to adopt this strategy. Further works on
various complex soils and climate conditions will be helpful for establishing a more general method of
mapping irrigation prescription needed for application of VRI technology based on “speed control” or
evolving to more complex and also more expensive systems, such as the “zone control.”
A limitation of this study is the unavailability of detailed records, indicating the amounts of
irrigation water applied throughout the crop vegetative cycle, which makes it unfeasible to calculate the
IWUE. Future studies, involving several years of implementation of VRI in different farms, with detailed
records of productivity and also of the absolute amounts of applied water, will allow the calculation of
the IWUE for both uniform and variable (VRI) irrigation strategies, which will serve as the basis for
the promotion and demonstration of these precision agriculture technologies.
5. Conclusions
Climate change has direct consequences on water availability, requiring the development of
strategies to optimize its use. Conventional irrigation systems are based on the application of a
homogeneous input over the field, considered as a uniform spatial unit. However, frequently, fields can
have spatial heterogeneity of soil characteristics, topography, microclimate, and crop development.
Improving the efficiency of water use is one of the main challenges currently facing farm managers.
The large area of center pivot-irrigated crops in Portugal (over 200,000 hectares) and in the world
(over eight million hectares) requires a differentiated response to irrigation management. VRI is a
novel engineering solution to manage spatial allocation of irrigation water.
The objective of this case study was to evaluate tools for delineating dynamic HMZ and defining
dynamic VRI maps needed to automate center pivot travel speed control in corn. The results of this
first year showed a positive trend in achieving the initial goal established by the farmer, reducing the
spatial variability and increasing corn productivity in this field, at the expense of a light increase in
irrigation water amounts. ECa and topographical information obtained by on-the-go sensors and NDVI
obtained by remote sensing proved to be effective in the definition of dynamic management zones and
appealing because of the ease with which they can be collected at a field-scale. A contribution to more
reliable HMZ may result from the application of the PA concept with the integration of yield maps of
several years, averaged to reduce their temporal instability.
This relatively simple approach is fairly inexpensive for the farmer and can be implemented
on a large scale, which represents an important and sustainable contribution to improved water use
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efficiency in Mediterranean agriculture, especially in the current scenario of global warming and
reduction of the available water for agriculture.
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